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Abstract: We quantified the spatio-temporal patterns of land cover/land use (LCLU) change to
document and evaluate the daytime surface urban heat island (SUHI) for five hot subtropical
desert cities (Beer Sheva, Israel; Hotan, China; Jodhpur, India; Kharga, Egypt; and Las Vegas,
NV, USA). Sequential Landsat images were acquired and classified into the USGS 24-category Land
Use Categories using object-based image analysis with an overall accuracy of 80% to 95.5%. We
estimated the land surface temperature (LST) of all available Landsat data from June to August
for years 1990, 2000, and 2010 and computed the urban-rural difference in the average LST and
Normalized Difference Vegetation Index (NDVI) for each city. Leveraging non-parametric statistical
analysis, we also investigated the impacts of city size and population on the urban-rural difference
in the summer daytime LST and NDVI. Urban expansion is observed for all five cities, but the
urbanization pattern varies widely from city to city. A negative SUHI effect or an oasis effect exists
for all the cities across all three years, and the amplitude of the oasis effect tends to increase as
the urban-rural NDVI difference increases. A strong oasis effect is observed for Hotan and Kharga
with evidently larger NDVI difference than the other cities. Larger cities tend to have a weaker
cooling effect while a negative association is identified between NDVI difference and population.
Understanding the daytime oasis effect of desert cities is vital for sustainable urban planning and the
design of adaptive management, providing valuable guidelines to foster smart desert cities in an era
of climate variability, uncertainty, and change.
Keywords: surface urban heat island; oasis effect; subtropical desert cities; remote sensing
Remote Sens. 2017, 9, 672; doi:10.3390/rs9070672 www.mdpi.com/journal/remotesensing
Remote Sens. 2017, 9, 672 2 of 15
1. Introduction
Urbanization is one of the most evident aspects of human modification of natural landscapes
and climate. The urban heat island (UHI) phenomenon, where urban areas experience higher
temperature than their rural surroundings, is the best example of anthropogenic climate modifications
caused by urbanization [1]. Increased impervious surface fractions in cities, including buildings and
infrastructure, are the main causes of the UHI effect, which impacts energy use, water consumption,
air quality, and human health [2]. Since its first discovery by Luke Howard in the early 1800s in
London [3], numerous UHI studies have been conducted in various cities around the globe [4–14].
In contrast to air temperature data recorded at weather stations, land surface temperature (LST)
data from remote sensing imagery permits calculation of a surface urban heat island (SUHI) and is
a better characterization of a city’s land cover impacts on temperature on a per-pixel basis across
scales [15]. The SUHI intensity tends to vary widely from season to season and from region to region.
Imhoff et al. [16] examined 38 cities in the continental United States and found the SUHI intensity
to be highest at midday in the summer and lowest in the winter. Zhou et al. [17] examined all cities
across Europe and made the same conclusion regarding the seasonal variability of the SUHI intensity.
Imhoff et al. [16] further found that the SUHI varies across eco-climatic regions, with strong positive
values for cities in forest biomes and negative values for desert cities. As a matter of fact, the attenuation
of heat by green vegetation is starker in desert regions due to the rare presence of vegetation and the
predominance of sand in the suburbs and rural environments. An urban heat sink, or an oasis effect,
therefore forms during daytime, which is characterized by a cooler environment in the urban area
in comparison to its surrounding suburban areas [18,19]. Utilizing Landsat data, Lougeay et al. [20]
identified an urban heat sink in Phoenix, showing a 3 ◦C lower LST in its densely built areas than the
surrounding desert and non-active agriculture lands. A similar oasis effect was reported in Abu Dhabi,
where downtown temperature is on average 5–6 K lower than its suburban sites [21]. This inversion
effect exists all year around for two study sites in Abu Dhabi, but it is accentuated in the hot seasons
with a daily difference of 3 K higher in the summer than in the winter.
The close association between urban thermal characteristics and urban LCLU types has been
extensively documented [14,22,23]. While the amount of urban vegetation was found to be negatively
correlated to LST [14,24,25], impervious surfaces have a positive relationship with LST [9,23,26,27].
Urbanization induced LCLU change has a major impact on the formation and development of
particularly a nighttime urban heat island. While the effect of urbanization and land cover/land
use (LCLU) change on standard SUHI has been investigated for single cities over time in humid,
mid-latitude regions [6,28], the oasis effect of desert cities and its development over time as urban
expansion continues have yet to be fully explored.
This study investigates the spatiotemporal patterns of the SUHI across hot desert cities in five
countries and examines the impacts of urban growth on the SUHI. Using remote sensing and geospatial
techniques, we evaluate the desert heat island effect and its variability in response to changes in the
spatial pattern of LCLU features within and around desert cities. Our research objectives are to
(1) quantify the spatiotemporal pattern of LCLU change in and around the five desert cities over the
last 20 years, (2) examine the urban-rural difference in green biomass and surface temperature as
a result of urbanization, (3) evaluate and compare the oasis effect among the five cities as it varies
across region and time, and (4) understand the role of city size and population on the magnitude of
urban-rural vegetation difference and the development of SUHI.
Desert cities are facing challenges in the availability of natural resources for their future
development, especially with regard to freshwater resources. Thus, as population continues to grow,
meeting the demands of desert cities’ residents without depleting resources is one of the greatest
challenges. The results of this study will provide valuable information for policy makers, urban
planners, and resource managers to foster sustainable desert cities.
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The rest of this article is organized as follows: Section 2 describes the study area, data sources, and
procedures of data processing and analysis. Section 3 reports the results of the study, which is followed
by a detailed and in-depth discussion of our findings (Section 4). Section 5 concludes our work.
2. Materials and Methods
2.1. Study Area
To study the SUHI and its implications for sustainable desert cities, we compare five subtropical
desert cities around the globe: Beer Sheva, Israel; Hotan, China; Jodhpur, India; Kharga, Egypt; and
Las Vegas, NV, USA (Figure 1). The five cities are located in different Köppen climate zones, with
Beer Sheva and Jodhpur located in the hot semi-arid climate zone, Kharga and Las Vegas in hot desert
climate zone, and Hotan in cold desert climate zone. These cities were selected because (1) they
provide a widely diverse representation of some of the world’s largest and famous deserts, including
the Negev, Taklamakan, Thar, Libyan, and Mojave Deserts; (2) they link to adjacent peri-urban areas
(urban fringe-desert interface) and surrounding arid/semiarid environments; (3) they are subject to
strong urbanization pressure; (4) their population exceeds 100,000; (5) cloud-free Landsat images are
available; and (6) there are no highly undulating terrain or mountains with elevations ±100 m off the
mean elevation of the urban core such that the elevation impact is minimal.
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Figure 1. Locations of the five subtropical desert cities: Beer Sheva, Israel; Hotan, China; Jodhpur, 
India; Kharga, Egypt; Las Vegas, NV, USA.  
2.2. Data Processing and Analysis  
Landsat 5 TM images were used to quantity the LCLU change from 1990 to 2010. Landsat 5 TM 
has seven spectral bands with a spatial resolution of 30 m for bands 1 to 5 and 7. The thermal band 
(band 6) has a spatial resolution of 120 m and was resampled to 30 m for use. All images were 
acquired at the correction level 1G, which includes geometric and radiometric corrections. One 
Landsat TM scene was obtained for each city in 1990, 2000, and 2010 respectively, resulting in a total 
of 15 scenes. Figure 2 displays the five cities in Landsat images acquired in 2010 or in 2009/2011 
when 2010 cloud-free images are not available. 
We employed an object-based image analysis (OBIA) [29] using decision rules and nearest 
neighbor classifiers in eCognition Developer 8.6 [30]. Each Landsat scene was classified into eight 
land use classes following the USGS 24-category Land Use Categories, including urban, irrigated 
cropland, shrubland, evergreen broadleaf forest, water, herbaceous wetland, wooden wetland, and 
barren land. These classes were selected because of ongoing regional climate simulation efforts using 
the Weather Research and Forecasting (WRF) model [31] to quantify changes in regional climatic 
parameters associated with land-surface changes. 
Figure 1. Locations of the five subtropical desert cities: Beer Sheva, Israel; Hotan, China; Jodhpur,
India; Kharga, Egypt; Las Vegas, NV, USA.
2.2. Data Processing and Analysis
Landsat 5 TM images were used to quantity the LCLU change from 1990 to 2010. Landsat 5
TM has seven spectral bands with a spatial resolution of 30 m for bands 1 to 5 and 7. The thermal
band (band 6) has a spatial resolution of 120 m and was resampled to 30 m for use. All images
were acquired at the correction level 1G, which includes geometric and radiometric corrections. One
Landsat TM scene was obtained for each city in 1990, 2000, and 2010 respectively, resulting in a total of
15 scenes. Figure 2 displays the five cities in Landsat images acquired in 2010 or in 2009/2011 when
2010 cloud-free images are not available.
We employed an object-based image analysis (OBIA) [29] using decision rules and nearest
neighbor classifiers in eCognition Developer 8.6 [30]. Each Landsat scene was classified into eight
land use classes following the USGS 24-category Land Use Categories, including urban, irrigated
cropland, shrubland, evergreen broadleaf forest, water, herbaceous wetland, wooden wetland, and
barren land. These classes were selected because of ongoing regional climate simulation efforts using
the Weather Research and Forecasting (WRF) model [31] to quantify changes in regional climatic
parameters associated with land-surface changes.
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example, a kappa coefficient of 0.84 indicates an 84% better agreement between the reference source 
and the classified output than it would occur by chance alone.  
The sequential land use maps were used to calculate the area and rate of change for urban and 
irrigated cropland, respectively. We also constructed a land transition matrix to show the area of 
land converted from other land use types to urban over the 20-year study period.  
To evaluate the oasis effect in the five desert cities, we collected all available Landsat scenes 
from June to August in 1990, 2000, and 2010 for each city, respectively. Summer images were used 
due to the stronger SUHI effect in the summer than in other seasons throughout the year [21]. A total 
of 5 cloud-free Landsat scenes were identified for Beer Sheva, 4 for Hotan, 4 for Jodhpur, 12 for 
Kharga, and 7 for Las Vegas.  
The process of retrieving LST consists of three main steps: acquisition of brightness temperature 
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First, we obtained the brightness temperature and NDVI products from the USGS Earth Science 
Processing Architecture (ESPA) on demand interface. The brightness temperature was derived from 
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NDVI thresholds method [36] was applied in obtaining the land surface emissivity (LSE) 
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Figure 2. Landsat images for the five desert cities displayed in false color composite: (a) Beer Sheva,
Israel. Image acquired on 3 December 2010; (b) Hotan, China. Image acquired on 22 June 2010;
(c) Jodhpur, India. Image acquired on 28 September 2009; (d) Kharga, Egypt. Image acquired on
12 March 2010; (e) Las Vegas, NV, USA. Image acquired on 2 November 2011.
Following the classification accuracy assessment suggested by Congalton and Green [32], we
selected 50 random points per class for each city and validated our classification results against the
high-resolution aerial imagery archive in Google Earth. We then summarized the overall accuracy
for each of the 15 classified maps by calculating the number of correctly classified observations as a
proportion of the total number of sample points [33]. Cohen’s kappa coefficient of agreement [34] was
used as another indicator of accuracy of the land cover classification. It reflects the difference between
the actual agreement and the agreement expected by chance–chance agreement. For example, a kappa
coefficient of 0.84 indicates an 84% better agreement between the reference source and the classified
output than it would occur by chance alone.
The sequential land use maps were used to calculate the area and rate of change for urban and
irrigated cropland, respectively. We also constructed a land transition matrix to show the area of land
converted from other land use types to urban over the 20-year study period.
To evaluate the oasis effect in the five desert cities, we collected all available Landsat scenes from
June to August in 1990, 2000, and 2010 for each city, respectively. Summer images were used due to
the stronger SUHI effect in the summer than in other seasons throughout the year [21]. A total of
5 cloud-free Landsat scenes were identified for Beer Sheva, 4 for Hotan, 4 for Jodhpur, 12 for Kharga,
and 7 for Las Vegas.
The process of retrieving LST consists of three main steps: acquisition of brightness temperature
and NDVI products, land surface emissivity estimation, and land surface temperature conversion.
First, we obtained the brightness temperature and NDVI products from the USGS Earth Science
Processing Architecture (ESPA) on demand interface. The brightness temperature was derived from
Top-Of-Atmosphere (TOA) reflectance and two pre-launch calibration constants [35]. Next, the NDVI
thresholds method [36] was applied in obtaining the land surface emissivity (LSE) coefficients. Previous
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studies show that the NDVI thresholds method achieves a root mean square deviation of less than 0.01
on emissivity estimation [36]. The NDVI-based method assumes a pixel as bare soil for NDVI < 0.2 and
vegetation for NDVI > 0.5 and obtains emissivities for each presumed land use type. For NDVI between
0.2 and 0.5, a pixel is considered as a mixture of bare soil and vegetated area and the proportion of
vegetation Pv can be calculated from [37],
Pv =
[
NDVI − NDVImin
NDVImax − NDVImin
]2
(1)
where NDVImin = 0.2 and NDVImax = 0.5. The emissivity is calculated in an equation involving Pv,
LSE coefficients, and emissivity values of bare soil and vegetation (see Sobrino et al. [36] for equations
and descriptions in detail). We used the mean value of bare soil and vegetation emissivities included
in the ASTER spectral library, which results in an emissivity of 0.97 for bare soil and 0.99 for vegetation,
respectively. The final equation for Landsat 4, 5, and 7 is given by,
Ev = 0.004Pv + 0.986 (2)
Following Yu et al. [38], the updated LSE coefficients for Landsat 8 is,
Ev = 0.00149Pv + 0.98481 (3)
With the emissivity, we next converted the brightness temperature to LST using the following
equation [39]:
T =
TB
1 + (λ× TB/c2)lnε (4)
where TB is the brightness temperature, λ is the wavelength of emitted radiance (λ = 11.45 µm for
Landsat 4,5, and 7; λ = 10.8 µm for Landsat 8), c2 = h× c/s (1.4388 × 10−2 m K) where h = Planck’s
constant (6.624 × 10−34 J s), c = velocity of light (2.998 × 108 m/s), and s = Boltzmann constant
(1.38 × 10−23 J/K). ε is the LSE coefficients prepared in the preceding step. The last step is a final
conversion from Kelvin to degree Celsius.
Many algorithms and techniques have been developed to estimate LST from remote sensing data,
and there are uncertainties associated with these methods. Potential error sources include atmospheric
correction, land surface emissivity, noise of the sensor, angular effects, and aerosols and other gaseous
absorbers [40]. Among these parameters, atmospheric effects are found to be the most important error
source that contributes to a LST error of 0.2 to 0.7 K, while land surface emissivity uncertainty leads
to an error of 0.2 to 0.4 K [41]. In our study, the variability of derived LST in urban and rural areas
over time was examined by a cross comparison with historical air temperature data collected at local
weather stations [42]. Although LST and air temperature can vary quite a bit due to meteorological
conditions and urban morphology, the two data sets show great concordance, which indicates strong
influence of LST on air temperature.
With the estimated LST, we computed the mean LST of all pixels that were classified as urban in
the Landsat images. Following Imhoff et al. [16], we used a buffer zone of 45 to 50 km away from each
city to represent the natural desert and to ensure a consistent and comparable LCLU analysis over
time (Figure 3). Within the buffer zone, all non-desert classes were masked, and only pixels with a
slope less than 10◦ were considered for calculating mean LST. To derive SUHI intensity, we calculated
the difference between average urban LST and average surrounding LST for each city [43].
Vegetation abundance plays a key role in affecting the intensity of the SUHI. To analyze the trend
of SUHI in conjunction with the changes in vegetation cover, we calculated the difference between the
mean NDVI in a city and the mean NDVI within the respective buffer zone. This measure is hereafter
referred to as the Relative Urban-Rural Vegetation Difference (RURVD).
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There is a close association between the magnitude of the SUHI and the degree of urbanization.
To test this hypothesis, we performed statistical analyses in a bid to understand the variation in the
SUHI and RURVD in response to city size and population. The size of a city was estimated from the
LCLU maps created for each city. Population data were obtained from multiple data sources as listed
in Table 1. Due to the unavailability of the population data in Kharga, we derived its population in
1990 and 2000 from the population count grid obtained from the Global Rural-Urban Mapping Project
(GRUMP) and estimated the population in 2010 based on the growth rate between 1990 and 2000.
Table 1. Data source for population.
City Data Source
Beer Sheva, Israel Israel Central Bureau of Statistics [44]
Hotan, China Statistics Bureau of Xinjing Uygur Autonomous Region [45]
Jodhpur, India Census of India [46]
Kharga, Egypt Global Rural-Urban Mapping Project [47]
Las Vegas, NV, USA US Census Bureau [48]
We used a rank-based correlation measure—Kendall’s τ—to detect the monotonic association of
RURVD and SUHI with respect to population and urban area, respectively. In contrast to the commonly
adopted Pearson’s r, which measures linear dependence between two variables, Kendall’s τ is able to
detect any form of monotonic (not just linear) association and is resistant to outliers and missing values.
We constructed pair-wise bivariate scatter plots that indicate the functional relationship between
any of the two variables. After a linear trend was determined, we used a non-parametric fitting
method named Kendall-Theil Robust Regression to model the statistical relationships and obtained the
estimates for the Theil-Sen estimator [49,50]. The Theil-Sen estimator is a slope estimator that measures
the linear association between two continuous variables. In contrast to the least square estimator, it
does not assume normality of the error term and provides more accurate estimates in the presence of
skewed data with non-constant errors. The Theil-Sen is generally preferred to the ordinary least square
(OLS) estimator when working with a relatively small number of samples because the distribution of
the estimator can be calculated exactly even for small sample sizes.
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3. Results
3.1. LCLU Classification Accuracy
Figure 4 shows the LCLU maps for the five cities. In general, a minimum classification accuracy
of 85% is required for most resource management applications [51,52]. Our object-oriented classifier
achieved overall accuracies above the minimum requirement for all cities and years except Jodhpur,
India (Table 2). As can be observed in Figure 4c, the LCLU types in and around Jodhpur are a mix of
small farms, shrubs, barren land, desert landscapes, scattered trees, and mountains. The complexity of
this area most likely contributed to a lower classification accuracy (from 80% to 82.57%). Considering
that the spatial arrangement of the LCLU classes in Jodhpur is complex and the spectral responses of
many of those classes are very similar, we believe that the accuracies for Jodhpur city are sufficient for
our analysis.
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Table 2. Classification accuracies of LCLU maps.
City
1990 2000 2010
O-Ac 1 (%) Kappa 2 O-Ac (%) Kappa O-Ac (%) Kappa
Beer Sheva, Israel 88 0.84 92.67 0.91 88 0.85
Hotan, China 93.6 0.91 89 0.85 90.33 0.87
Jodhpur, India 82.29 0.78 80 0.76 82.57 0.78
Kharga, Egypt 94.5 0.91 95.5 0.93 95.5 0.93
Las Vegas, NV, USA 84.5 0.8 88.12 0.85 89.29 0.87
1 O-Ac denotes overall accuracy; 2 Kappa denotes kappa coefficient.
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3.2. Spatiotemporal Pattern of Urban and Agriculture
Figure 5 shows the urban area expansion and growth rate by city for urban and agricultural land.
The city size was quite small for Hotan and Kharga in 1990. While Kharga has recorded slow growth,
a much higher growth rate was seen for Hotan, where the city size increased from 3 to 27 km2 over the
last two decades. Relatively moderate expansion was observed for Beer Sheva and Jodhpur, whose
urban areas in 2010 were four times as large as they were in 1990. Las Vegas features the most dramatic
urbanization among the five cities. Its urban area reached 1070 km2 in 2010 compared to about 270 km2
in 1990. While all cities experienced different degrees of urbanization, the rate of growth was generally
higher in the time period from 1990 to 2000 than from 2000 to 2010, except for Kharga.
In contrast to the monotonically increasing trend in urban land, agriculture shows a quite different
pattern (Figure 5c,d). The extremely small agricultural area in Kharga and Las Vegas throughout
the study period should be noted first. The agricultural area had been consistently small for these
two cities, making the rate of change for agriculture less informative. Jodhpur owned the largest
agricultural land among the five cities. This trend was maintained for the entire 20-year period despite
a small fluctuation. The area of agricultural land in Beer Sheva was comparable to that in Hotan. While
Beer Sheva experienced an agriculture increase in the earlier years followed by a small decline in the
later years, Hotan witnessed a consistent trend of agriculture expansion across the two decades.
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Figure 5. LCLU change pattern for urban and agriculture in the last two decades: (a) Change of urban
area; (b) Rate of change for urban; (c) Change of agricultural land; (d) Rate of change for agriculture.
Table 3 shows the area conversions from agriculture, desert, and shrub lands to urban areas for the
five cities from 1990 to 2010. Significant land conversions occurred primarily from irrigated agriculture
and desert to urban, except in Las Vegas, where most of the urban area expansion was developed from
shrub lands. Although agriculture and natural desert were the two major sources for urban expansion,
land conversion patterns varied from city to city. More than half of the urban expansion in Hotan until
2010 was developed from agriculture, and two thirds of Jodhpur’s city used to be croplands in 1990.
On the other hand, land conversions in Beer Sheva and Kharga were more balanced, with new urban
development drawing from several other LCLU types.
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Table 3. Land conversions from other LCLU types to urban.
City Agriculture to Urban (km2) Desert to Urban (km2) Shrub to Urban (km2)
Beer Sheva, Israel 41.23 71.51 39.64
Hotan, China 16.16 6.09 0.42
Jodhpur, India 120.03 1.86 8.83
Kharga, Egypt 24.48 26.17 0
Las Vegas, NV, USA 4.98 164.52 638.45
3.3. Spatiotemporal Pattern of SUHI and RURVD
Figure 6 shows the averaged urban-rural difference in LST and NDVI for 1990, 2000, and 2010,
respectively. A negative SUHI was observed consistently for all cities over the entire time period
(Figure 6a). The oasis effect was strongest in Hotan, where, on average, the LST in urban areas is
up to 7.8 ◦C cooler than the surrounding desert areas. Moderate cool island effect was observed for
Kharga with an average SUHI of 1.97 ◦C. Another evidence of the strong oasis effect is the large NDVI
differences for the two cities as indicated in Figure 6b. Note that while the oasis effect reduced over
the 20 years for Hotan, a small increase was identified for Kharga accompanied by an increasing trend
in the RURVD. Comparatively, the LST differences in Beer Sheva, Jodhpur, and Las Vegas were not
as large, so were the NDVI differences. On average, Las Vegas had the smallest LST difference and
Jodhpur had the smallest NDVI difference.
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3.4. Urbanization Impacts on SUHI and RURVD
Table 4 shows the pair-wise Kendall’s correlation coefficient among SUHI, RURVD, the logarithm
of population, and the logarithm of urban area. A moderate and negative relationship exists between
SUHI and RURVD, echoing the pattern in the LST and NDVI differences averaged over each year
under investigation. SUHI was positively correlated with urban area. As a result of the reduced
RURVD for big cities, the surface temperature difference between the city and its rural areas is reduced
accordingly, leading to a weaker urban heat sink effect. The correlation between population and SUHI
was weak and non-significant. The negative correlation between RURVD and population, however, is
out of expectation. This relationship was further examined by looking at the scatter plots shown in
Figure 7.
Despite the moderate correlation between SUHI and RURVD, the variance of SUHI explained
by RURVD was rather small (Figure 7a). Part of this was due to the large negative SUHI scores for
Hotan, which deviated substantially from the trend line and the rest cities. The same situation held
true in the relationship between SUHI and urban area (Figure 7b) where the smallest city (Hotan)
featured the strongest oasis effect (largest negative SUHI) while the largest city (Las Vegas) manifested
the weakest sink effect (smallest negative SUHI). It was obvious from Figure 7c that the negative
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relationship between RURVD and population was mainly a result of the small population and large
RURVD in Kharga compared to other cities. However, as population kept increasing over time, the
trend in Hotan and Las Vegas suggested a consistent declining RURVD, while other cities showed a
fluctuating pattern.
Table 4. Kendall’s τ for SUHI, RURVD, logarithm of population, and logarithm of urban area.
Variable SUHI RURVD Log10 (Pop) Log10 (Urban)
SUHI 1
RURVD −0.371 ** 1
Log10 (Pop) 0.016 −0.351 ** 1
Log10 (Urban) 0.309 * −0.192 0.173 1
* p < 0.05; ** p < 0.01.
Remote Sens. 2017, 9, 672  10 of 15 
 
Despite the moderate correlation between SUHI and RURVD, the variance of SUHI explained 
by RURVD was rather small (Figure 7a). Part of this was due to the large negative SUHI scores for 
Hotan, which deviated substantially from the trend line and the rest cities. The same situation held 
true in the relationship between SUHI and urban area (Figure 7b) where the smallest city (Hotan) 
featured the strongest oasis effect (largest negative SUHI) while the largest city (Las Vegas) 
manifested the weakest sink effect (smallest negative SUHI). It was obvious from Figure 7c that the 
negative relationship between RURVD and population was mainly a result of the small population 
and large RURVD in Kharga compared to other cities. However, as population kept increasing over 
time, the trend in Hotan and Las Vegas suggested a consistent declining RURVD, while other cities 
showed a fluctuating pattern.  
(a) (b)
(c)
Figure 7. Relationship between (a) SUHI and RURVD; (b) SUHI and logarithm of urban area; (c) 
RURVD and logarithm of population.  
4. Discussion 
4.1. Urbanization Patterns of the Five Desert Cities 
From 1990 to 2010, all the five desert cities have experienced dramatic land conversions from 
various land cover types to urban uses. We observed a high urban growth rate in Hotan over the two 
decades. As an oasis city, agriculture is one of the main resources that have been continuously 
supporting Hotan’s urban development. This is evidenced by a remarkable cropland increase for 
Hotan in the last 20 years. Ample water supply is another contributing factor to Hotan’s urban 
expansion. The urban growth has benefited from the two strong rivers running through the 
city—the Yurungkash River and the Karakash River. These two rivers provide valuable water 
resources that are vital for the city’s survival on the edge of the Taklamakan Desert. In contrast, as 
the most populous city in the State of Nevada, Las Vegas has been expanding by an average of 40 
km2 per year. The distinct growing pattern of Las Vegas is largely attributed to the functionality of 
the city as a leading cultural and financial center in Nevada, which has been favored by investment 
in gambling and other recreation businesses. The massive urbanization has also typically benefited 
-12
-10
-8
-6
-4
-2
0
2
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
SU
HI
RURVD
Beer Sheva
Hotan
Jodhpur
Kharga
Las Vegas
-12
-10
-8
-6
-4
-2
0
2
0 0.5 1 1.5 2 2.5 3 3.5
SU
HI
Log10(Urban area)
Beer Sheva
Hotan
Jodhpur
Kharga
Las Vegas
0
0.02
0.04
0.06
0.08
0.1
0.12
0.14
0.16
0.18
0.2
3.5 4 4.5 5 5.5 6 6.5
RU
RV
D
Log10 (Population)
Beer Sheva
Hotan
Jodhpur
Kharga
Las Vegas
Figure 7. Relationship between (a) SUHI and RURVD; (b) SUHI and logarithm of urban area;
(c) RURVD and logarithm of population.
4. Discussion
4.1. Urbanization Patterns of the Five esert ities
From 1990 to 2010, ll t fi s rt iti s ex erienced dra atic land conversions from
various land cover types to urban uses. We observed a high urban growth rate in Hotan over the
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Yurungkash River and the Karakash River. These two rivers provide valuable water resources that are
vital for the city’s survival on the edge of the Taklamakan Desert. In contrast, as the most populous
city in the State of Nevada, Las Vegas has been expanding by an average of 40 km2 per year. The
distinct growing pattern of Las Vegas is largely attributed to the functionality of the city as a leading
cultural and financial center in Nevada, which has been favored by investment in gambling and other
recreation businesses. The massive urbanization has also typically benefited from the abundant water
supply from the Colorado River. Given the low precipitation in the Las Vegas Valley (~10 cm per
year), ground water and surface water have been the primary water resources for the city. Unlike
other desert cities, the urbanization in Las Vegas is mainly driven by investment and booming tourism,
compared to the agricultural expansion and intensification as in many desert cities.
Jodhpur, on the other hand, has the most agricultural lands amongst the five desert cities. With
an average of ~70 km2 increase in the urban area, Jodhpur’s urbanization and population growth
have been continuously supported by its agriculture expansion. Meanwhile, a substantial amount of
agriculture in Jodhpur has been developed to urban land use. The urbanization in Jodhpur typifies a
common growing pattern in desert cities where agricultural land has expanded rapidly at the expense
of desert, which is followed by land conversion from agriculture to urban. There are also cases where
desert land is converted directly to urban, as with the growing patterns in Beer Sheva and Las Vegas.
4.2. The Urban Heat Sink/Oasis Effect
We observed a daytime negative SUHI for all five desert cities over the past two decades. Lower
temperatures in urban areas compared to rural surroundings are referred to as urban heat sink or
oasis effect [53,54], which is usually formed during the first hours of a day and lasts until midday or
early afternoon [55]. As all the Landsat images were acquired between 10:00 and 11:00 a.m. local time,
the oasis effect is prominent in these scenes. The strongest effect was found in Hotan, followed by
Kharga. Completely surrounded by irrigated croplands, Hotan features a typical oasis city for which
the oasis effect is strongly influenced by the evapotranspiration between the oasis and the surrounding
desert [56]. This temperature difference had declined, however, over the last 20 years, in part due to
the expansion of agriculture into desert areas. This land conversion process, in turn, might result in
a decline in urban greenness. The other oasis city Kharga shows an opposite pattern with growing
cool island effect and increasing urban-rural difference in NDVI. The urban heat sinks in Beer Sheva,
Jodhpur, and Las Vegas are present, but not as evident. Comparing to the other cities, Beer Sheva and
Las Vegas have sparse vegetation cover and much fewer croplands.
The negative urban-rural LST differences are in most part associated with the higher thermal
inertia of urban infrastructure compared to the surrounding dry desert lands [57]. Buildings and
other impervious surfaces tend to respond more slowly to temperature changes early in the morning
than their rural desert surroundings [58]. Therefore, a lower warming rate of buildings and other
impervious surfaces constitutes a major factor in the formation of a negative SUHI. Additionally,
during the first hours of the day, clustered high-rise buildings produce large shaded areas due to the
slanting solar elevation angle, thus attenuating surface temperatures in urban areas [55,59,60].
The oasis effect is not exclusive to the five cities in our study. It has been observed in other
geographical regions as well [55,61,62]. One study identified an urban heat sink in the Indianapolis
metropolitan area with an intensity of 6 ◦C using Landsat and meteorological data [55]. Peña [62]
found a profound heat sink in Santiago City, Chile, and analyzed the formation of the urban heat sink
in relation to vegetation cover fraction, albedo, and surface moisture content. The study suggested that
low vegetation cover and surface moisture are favorable to the development of surface temperatures,
and that the soil condition of rural lands plays a key role in the heat sink formation.
4.3. The Oasis Effect, Greenness, City Size, and Population
The surface temperature difference between urban and rural areas shows an inverse pattern
to the RURVD. This is in line with results by Peng et al. [63], who found that the amount of urban
Remote Sens. 2017, 9, 672 12 of 15
greenery, represented by vegetation fractional cover, was inversely associated with the daytime
SUHI for cities across a wide range of climate and geographical zones, not restricted to arid regions.
Peña [62] identified a SUHI in the north rural valley in Santiago, Chile, where the urban area has sparse
vegetation cover and low soil moisture. This phenomenon was compared with the south rural valley
in the same city. With a much higher vegetation cover fraction, a cool island instead of a SUHI formed
in this region.
Our results further show that the intensity of the oasis effect varies with city size and as city size
increases the oasis effect becomes weaker. An important reason is the rising temperature in the city
due to increasing quantity and density of impervious surfaces as city develops. Our finding agrees
with Peng et al. [63], who reported a positive correlation between city size and daytime heat island
intensity for 56 European cities. Another study examined the SUHI intensity among 38 mega cities
in the continental United States and found that the SUHI amplitude is related positively with the
logarithm of city size [16].
Results suggest that for desert cities population is weakly related to SUHI but negatively related
to the urban-rural NDVI difference. The interrelationship between population and heat island intensity
varies greatly from city to city and from region to region. Mallick and Rahman [64] identified the
key role of population density and impervious surface in reinforcing SUHI in Delhi-India, while in a
global study of 419 cities, Peng et al. [63] found little evidence that the heat island is related to total
population in a city, suggesting that other factors play a more important role.
We submit that there is a clear need for additional sample data from more desert cities to make
more solid conclusions, and detailed information on morphometry of cities that would provide further
insight into the role of the impervious fractions of cities on SUHI is needed. Our observations on
Hotan and Las Vegas indicate a general decline of vegetation as population increases. The vegetation
decrease in Hotan might be due to replacement of vegetated area by impervious urban materials. It
may also be the result of low attention to urban greenness while urbanization continues. The situation
differs somewhat for Las Vegas in that the vegetation decline in the city is likely related to the effort of
conserving water resources and replacing turf with artificial surfaces. The well-known cash-for-grass
program, which rebates residents for removing and replacing grass with desert landscaping has
successfully reduced Las Vegas’s water consumption by one-third despite causing a big decline in
urban greenness [65].
5. Conclusions
We quantified spatio-temporal patterns of LCLU to provide a fundamental understanding of
the trajectories of urbanization and their social, physical, and ecological implications. Our analysis
suggests that all the five desert cities have experienced different degrees of urban expansion over
the last 20 years. There is a big variability in the urbanization pattern from city to city, including
land conversions from agriculture to urban (Hotan, Jodhpur), from desert and shrub lands to urban
(Las Vegas), and from a mix of land cover types to urban (Beer Sheva, Kharga). Results show that desert
cities exhibit a distinct daytime oasis effect in terms of the so-called SUHI, and the intensity of the
oasis effect is closely related to the greenness level and composition of land cover types in and around
the city. A positive association is found between city size and SUHI, indicating the weakening effect
of urbanization on cool island development. Population is negatively related to urban-rural NDVI
difference. As urbanization continues, desert cities are facing increasing challenges on the provision of
water resources, which can have a huge impact on urban greening, energy use, and food security.
In conclusion, desert cities are characterized by a surface cooling effect during summer daytime.
This cooling effect in the summer months is especially desirable in desert urban environments
where surface and air temperatures are at their extremes. It improves thermal comfort and provides
opportunities for urban planners and policy makers to implement adaptive management strategies
towards sustainable desert cities in an uncertain climate future.
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